Abstract. Morphogenesis and the spatial structure of an organism have repercussions on gene expression. These effects can influence the results of regulatory network reconstruction. An integrated, flexible and extensible computational framework for modelling gene expression dynamics within spatially growing structures is developed and used as a test system for evaluating a reconstruction algorithm. With complex morphological structures, significant effects of spatial organisation on the reconstruction process are observed. The results also reveal that stronger regulatory interactions result in more frequent cases of indirect regulation, posing a challenge for accurate network reconstruction.
Introduction
Regulatory gene networks are a central mechanism of organising and realising complex biological processes and structures based on genetic information. Since initial, now classical models, such as the NK model [1] , there has been a steady interest in understanding regulatory networks [2, 3, 4, 5, 6, 7] . High throughput "post-genomic" techniques, specifically microarrays for measuring gene expression [8, 9] , currently lead to renewed interest in biological networks [10, 11] , and various suggestions for reconstructing regulatory networks from gene expression data [12, 13, 14, 15] . However, understanding the relation between regulatory network structure and the resulting gene expression dynamics remains a major challenge [16] . Artificial Life simulations provide a means to advance scientific understanding of gene expression dynamics in biological systems.
Complex spatial structures, which are key features of almost all biological systems. The morphology of an organism is encoded by the genome, from where it is decoded by regulatory networks. Conversely, spatial structures can have a substantial impact on gene expression dynamics. The effects of spatial growth on gene expression have to be expected to be significant for network reconstruction. In this contribution, transsys simulations [4] are used to explore the impact of morphogenesis and of other parameters on network reconstruction using the algorithm by Rung et.al. [13] .
Methods

Concept
Transsys networks were generated as a target of reconstruction. Various types of random network topology, as well as different characteristics of gene regulation were used for network generation. Target networks were integrated into an L-transsys Lindenmayer system. Development of this system was simulated for a fixed time interval, after which expression data on all genes of the target network is collected from the grown structure. For each gene in the target network, a knockout mutant was generated and gene expression values were collected. The resulting data set was used as input for regulatory network reconstruction. Reconstruction was evaluated by comparing the reconstructed network to the target network.
Modelling of Gene Expression in a Spatially Extending System
Generating Target Networks. Target networks were generated as random graphs. The number of nodes (genes) was set to 100 and the number of edges (regulatory interactions) was either set to 200 or to 500. Edges were drawn at random according to the following random network models:
NK graphs [1] are networks in which each of the N genes is regulated by K other genes, chosen at random. Thus, the incoming degree of all genes is K (either 2 or 5), while the outgoing degrees are Poisson distributed. Random graphs are constructed by choosing each of the possible edge with equal probability. Differently from NK networks, both the incoming degree and the outgoing degree are characterised by a Poisson distribution. Scale free graphs are characterised by a power law distribution of both incoming and outgoing degrees.
Activating and repressing edges were generated equiprobably. Networks of the same type and with the same edge density have identical topologies in this study. For all genes, the default level of expression was set to 1.0 + rnd(0.01), where rnd(0.01) denotes a random value from a uniform distribution over [0, 0.01[. A new random value is generated each time expression of the gene is computed. This source of variation is essential for allowing spatial gene expression patterns to form. The default expression level is subject to modification by activation or repression. Activation and repression are described by two parameters, the maximum amount of regulation a max , and a spec , which is the concentration of the regulator at which activation amounts to a max /2. These parameters were set to the same values for all edges in a network. a spec was set to 0.1 in all simulations whereas a max was chosen from {0.2, 0.4, 0.6, 0.8, 1.0, 1.5, 2.0}. The parameters for repressing edges, r max and r spec , were always set to the corresponding activation parameters.
The decay rate of all factors in the target networks was set to the same value. Simulations were run with decay rates of 0.8 and 0.2. For the diffusibility parameter, values of 0.1 and 0.3 were tested. Embedding Networks into L-transsys Systems. The process of morphogenesis within which gene expression dynamics controlled by the target network takes place is externally specified in the scenarios studied here. Three morphological structures, depicted in Fig. 1 , are used. The cell structure consists of just one symbol, the cell, and no L-system rules. Therefore, no spatially extended structure develops. This serves as a control. The single shoot structure starts out with one meristem, which produces a phytomer consisting of a leaf and an internode (a stem piece) every 20 time steps. The Arabidopsis structure is a rather coarse-grained L-transsys model of Arabidopsis growth, proceeding through stages of rosette leaf growth with decussate and spiral phyllotaxis, bolting, and flower formation.
All three structures are specified by a growth controlling transsys program and an L-transsys specification. The factors and genes of the target network are inserted into the transsys program. The target network does not have any effect on morphogenesis, but growth of the plant structure does have effects on gene expression dynamics. This ensures that all measurements of knockout mutants are based on identical morphological structures.
This approach simulates reconstruction of a target network that does not organise morphogenesis, but may be informed by it. It was chosen here to enable attribution of differences to individual morphological structures, rather than to collections of mutant structures with complex and unfavourable statistical properties. For example, if morphogenesis was controlled by the target network, there may not be any growth in a significant fraction of knockout mutants. Such non-growing mutants would be equivalent to the single cell structure, and consequently, differences between the single cell and the more complex morphological structures would be blurred.
Simulation of Gene Expression Measurement. 504 cases, resulting from combination of 3 structures, 3 random graph types, 2 edge densities, 7 regulatory strength settings, 2 decay settings and 2 diffusibility settings, were assayed. Each structure was grown for 250 time steps, starting out with a single symbol. After the final time step, the expression level of all factors of the target network, averaged over all symbols, was measured. The resulting vector of gene expression levels corresponds to one microarray experiment in molecular biology.
Reconstruction of Regulatory Networks
The method for regulatory network reconstruction introduced by Rung et.al. [13] uses a set of mutants, called knockout mutants, each of which has one gene disrupted such that it encodes a non-functional gene product. For each knockout mutant, and for the wild type as a control, expression of all genes is measured. The results are assembled into an expression data matrix in which the elements r ij denote the logarithm of the ratio of the expression level of gene i in the mutant with gene j disabled to the expression level of gene i in the wild type. Subsequently, normalised valuesr ij = r ij /σ ij are computed, wherê σ ij are estimated standard deviations. As measurement is undistorted in the simulations, this step was effectively omitted by setting allσ ij = 1.
The regulatory network graph is then reconstructed by starting with the genes as isolated nodes and placing an edge from gene j to gene i if |r ij | ≥ γ, where γ is a user-supplied threshold. For negative values ofr ij (gene i expressed at lower level in absence of gene j), an activating effect is predicted.
Analysis of Reconstruction
The threshold γ controls the sensitivity and the specificity of the reconstruction algorithm by Rung et.al., low values providing a high sensitivity but low specificity while high threshold settings give good specificity at the expense of a low sensitivity. Since choice of the threshold value is arbitrary in the sense that it is not systematically deduced from the expression data, ROC (Receiver-OperatorCharacteristic) curves were used to assess the performance of reconstruction. A ROC curve is computed by reconstructing networks with different threshold settings, ranging from 0 to max i,j |r ij |. For each threshold, sensitivity and specificity are determined. Connecting these points yields the ROC curve. The area under the curve indicates the potential of of the reconstruction procedure. A value of 1 means that perfect reconstruction is possible while a value of 0.5 indicates no potential. By integrating over all possible threshold values, this approach allows assessing the reconstructive potential independently of γ.
To further investigate the reconstruction process, the length of the shortest connecting path, denoted by p ij , was computed for all pairs (i, j) of genes in the target network. For this purpose, no difference between activating and repressing regulatory connections was made, both types were treated as directed edges with length 1. For perfect reconstruction to be possible, there has to exist a γ such that ∀(i, j) : p ij = 1 ⇔ γ ≤ |r ij |. A scatter plot of all pairs (p ij ,r ij ) reveals whether this condition is satisfied, and provides further insight into the effects which the different variants of network structures and the parameters controlling gene expression dynamics have on the performance of network reconstruction.
Software
Generation of knockout mutants and collection of gene expression measurements was implemented in Python, 1 based on the transsys framework [4] . R [17] was used for programming data analysis and visualisation. The code underlying the results presented here will be made available on the transsys website, 2 which also provides further information on technical aspects of transsys. Fig. 2 shows ROC curves for a random graph network, expressed in the single cell and in the Arabidopsis structure. A clear difference between reconstruction is observed. In the single cell case, almost perfect specificity is possible up to a sensitivity of 0.95, while a significant decline of specificity is seen with the Arabidopsis structure even at sensitivity levels below 0.5. The scatter plot of p ij vs.r ij , shown in Fig. 3 , reveals that this decline in specificity is due to a substantial increase of variance in ther ij values. There are gene pairs i, j separated by up to 9 network links (p ij up to 9) andr ij > 2 observed in the Arabidopsis structure, while in the single cell, −0.297 ≤r ij ≤ 0.297 for all gene pairs with p ij > 4. There is a clear trend that effects of a gene knockout on the expression level are more pronounced if the disabled gene is close within the regulatory network, but effects on genes that are distant in the network are possible as well.
Results and Discussion
Effects of Spatial Structure
While there are substantial differences between reconstruction based on the single cell and the Arabidopsis structure, the results obtained with the shoot and the cell structures were not significantly different, as summarised in 0 1 2 3 4 5 6 7 8 9 4 . The box-plots show a significantly lower reconstructive potential with the Arabidopsis structure, as exemplified by the case discussed above, is generally observed with strong regulatory effects, provided by a max = 1. Reconstruction performance was generally similar with the single cell and the single shoot structure. This observation indicates that more complex spatial structures have more pronounced effects on regulatory dynamics and network reconstruction.
Effects of Regulation Strength
Regulation strength has a major impact on reconstruction. The scatter plots shown in Fig. 5 show that with weak regulation with a max up to 0.4, there are no significant indirect regulatory effects: For all gene pairs with p ij > 1, the corresponding value ofr ij does not substantially deviate from 0. Consequently, very accurate reconstruction can be achieved. 
Effects of Network Structure
The effects of network structure on reconstruction are summarised by the exploits in Fig. 7 . This analysis was restricted to the samples with stronger regulation (a max ≥ 1) because this reveals effects that are obscured by the large number of cases of near perfect reconstruction if the entire data set is included.
For the graphs with 200 edges, the median reconstruction potential achieved for the three networks exhibits different levels of variance, but the median reconstruction potential is very similar. In contrast to this, the networks with 500 edges result in different reconstruction potentials; the random graph can be reconstructed significantly better than the other types.
Considering that only one representative of each type and density has been evaluated, the results presented here are not sufficient for a deeper analysis of the effects caused by network structure. It is, however, interesting to note that 
Conclusion and Outlook
Artificial Life simulations provide a basis for evaluating methods to reconstruct regulatory networks based on gene expression measurements. Here the transsys framework was used to investigate the reconstruction method by Rung et.al. This algorithm assumes that significant changes in expression levels resulting from a gene knockout indicate a direct target gene. The results presented here show that indirect regulation is more frequent in systems with stronger regulatory effects. It would therefore be important to develop criteria for estimating the extent of indirect regulation, and to further develop methods to identify cases of indirect regulation to refine reconstruction by improving specificity.
The results presented here indicate that embedding gene expression within a complex, growing spatial structure results in the formation of patterns that are different from those observed with the same dynamical system within a spatially unstructured environment. This is, in fact, a classical topic in Artificial Life [18, 19] . In the interest of focusing on the effects of spatial growth on gene expression dynamic and on network reconstruction, the converse effects of gene expression on morphogenesis have been excluded in this study. This model approximates the case of subnetworks that realise functions other than morphogenesis, but it does not adequately capture networks that organise morphogenesis. This important case will be addressed by studying networks evolved to control morphogenesis. An evolutionary model, based on LindEvol [3] , is currently being developed for this purpose.
The framework presented here provides points of departure for various further studies. More detailed studies of the impact of decay and diffusion on expression dynamics and network reconstruction are currently underway, and the spectrum of network topologies and dynamical parameters will be further extended. Studies of noise effects will use simulation of measurement errors, as described in [20] , and employ the standard deviation of gene expression within the spatial structures as a measure for biological noise. This will allow to include the normalisation step used by Rung et.al. in the evaluation, and make the framework more useful for testing other reconstruction methods.
